The aim of this study was to detect patterns of Land Use /Land Cover (LULC) dynamics and its causative factors in the Muga watershed of the Choke mountain range. Land use dynamics is a major driving force of environmental problems that affect hydrological processes and water resource availability. Time series of LULC mappings using Remote Sensing (RS) and spatial analysis tools integrated with the field data collection were effective methods for examining their trends. LULC dynamics within the watershed was used to understand the social and environmental consequences. Responses from a survey of field observation interviews from selected local key informants and experts contributed insights into how past scenarios of land uses have been influenced by LULC dynamics. Significant changes in land use were quantified for the years 1985, 1995, 2005 and 2015. The results of this study revealed that in the years between the 1985 and 2015 coverage of shrub, forest and grassland area were decreased by 9.32%, 2.84%, and 2.93%, respectively. While in agriculture, the emerging small towns and exotic riverine trees were increased by 14.7%, 0.15% and 0.25%, respectively. Survey and interview responses suggested that much of these changes were caused by the increasing of demographic pressure and associated demands on the environmental resources, widespread rural poverty and inadequate management of common property resources owing to poorly defined ownership arrangements.
Introduction
Globally, land use and climate change have brought the most critical challenges that are influencing the natural hydrologic systems [1] [2] [3] . Water is one of the essential ingredients of the environment, and it requires conservation to achieve its sustainable utilization [3] . Land Use/Land Cover (LULC) and its dynamics directly influences the key aspects of hydrological processes (water cycle) such as high evapotranspiration, low water soil retention, weak vegetation interception of precipitation, soil erosion, low water storage in dry season and long-term discharge variability of rivers [1, 4] .
In nature, Ethiopia has abundant water resources and 12 basins in its territory. Choke Mountain Range (hereafter called as Choke) is one of the Ethiopian highlands, its associated watersheds are the water tower and source of the Blue Nile River; which accounts over 85% of the total flow of the Nile River. Currently, it is under the threat of water shortage and this predicament has an impact on its climate, soil, vegetation and river discharge. Extreme and frequent low and peak flows are mainly a result of LULC dynamics [5, 6] . The fact that some studies were conducted in Choke, there has been little information showing the rates of environmental degradation due to LULC dynamics. Evidently, some studies indicated that agricultural land has been expanded at the expense of riverine trees and forestland in the Chemoga watershed and Dembecha area [7] , respectively.
The impact of land use is believed to be responsible for flow reduction in the dry seasons and sediment loads during the rainy seasons. Therefore, knowledge about LULC dynamics has become increasingly important at the local level; this is because it can be used to plan and overcome the problems of uncontrolled expansion, declining environmental quality, loss of main agriculture and basic wetlands [8, 9] .
Remote Sensing (RS) and Geographic Information System (GIS) applications are very powerful tools for analysing, synthesizing and manipulating data in the study of LULC dynamics. Both tools are efficient and used to facilitate and to make quick decisions for sustainable watershed management by the concerned bodies. Therefore, conducting a study and understanding of the level and trend of the LULC dynamics using both tools will have immense contribution thereby to understand the intensity of the problem and to design pertinent interventions and put in to effect accordingly. The main objective of this study was thus to evaluate the magnitude and its causative factors of LULC dynamics in the Muga watershed over the past 30-years. The land use dynamics is an important indicator and input parameter for hydrological model analysis [10] .
Study Site
Choke is a large block of the highland mountain range. It is found in the central part of both East and West Gojjam Administrative Zones in Amhara National Regional State, North-western Ethiopia. This mountain range is a source of more than 23 rivers and 273 small streams [11] . Muga watershed covers an area of about 624.3169km 2 (62431.69ha), and the area extends between 10 0 10'42.907"N to 10 0 42'56.217"N Latitude and 37 0 47'31.406"E to 38 0 14'56.608" E Longitude. Its highest peak is located at 37 0 53'3.938"E and 10 0 43'32.291"N and the elevation range from 1373m to 4169m above mean sea level ( Figure 1 ). 
Climate Condition
The Choke region belongs to the sub-tropical climate, and it is characterized by a highly uneven distribution of seasonal precipitation, and it is tightly correlated with the movement of the InterTropical Convergence Zone (ITCZ). The main rainy season which accounts more than 75% over the total annual rainfall occurs from June to September. The rainfall variability has significant impacts on agricultural production, hydrological processes and soil erosion rates [5] . The minimum and maximum mean annual rainfall are 823.43 and 1627.08 mm respectively. The daily minimum temperature of the area varies from 1.22°C-18.65°C (its mean is 10.26°C) and similarly, the maximum daily temperature ranges from 10.26°C-33°C (its mean is 22.65°C). Figure 3 shows the mean monthly rainfall and temperature distribution over the watershed from 1981-2015 respectively. These rainfall and temperature data were collected from Ethiopian National Meteorological Agency (ENMA). 
Socio-economic Setting
For a long time, Choke was one of the most intensively cultivated areas and was considered as one of the most productive areas of the country. Of the average population density ranges from 260 to 270 people/km 2 . Uncontrolled agriculture, overgrazing, rural settlements, and climate variability heavily threaten the region. Agriculture and settlements are equally expanded over 3800 m and its grassland is extended near to the top of the mountain at 4000m above mean sea level. Today, the site is unprotected, and it does not seem to be any venture to plant trees on its slopes.
Data Sources and Methods
For this study, both primary and secondary data sources were used. In combination with remotely sensed data, Geographical Positioning System (GPS), Google Earth (GE) and Topographic map were used as supporting ground verification. GPS data were collected and used for the year 2015 image analysis (half of each GPS data was used for both training and overall accuracy assessment of the image classification).
Landsat satellite images of 4 periods (10 years interval) were obtained from 1985-2015 (Table 1 ). These images were selected during cloud-free and dry season months. They also had more radiometric depth with 8 bits, 705km altitude and a 16-day repetition with covering 185km swath. All the Landsat images were downloaded from USGS web pages of Earth Explorer (www.earthexplorer.usgs.gov) and Global Visualization Viewer (www.glovis.usgs.gov) in the path/row 169/053. The physical boundary of the watershed of the study area was delineated by ArcSWAT in ArcGIS 10.3 software from Shuttle Radar Topographic Map (SRTM) 30m resolution of Digital Elevation Model (DEM) and brought to Universal Transverse Mercator (UTM) project in zone 37, World Geodetic System (WGS 84). Later the Landsat images were clipped with this physical boundary of the watershed. 
Collecting Ground Control Point (GCP) from Topographic map and GE
Topographic map and GE were used to generate random GCPs for previous years and uncovered locations by GPS as ground verification. Evidently, GE is high-resolution imagery, and it has been used to generate the random set of points (GCPs) for the area used for both training and accuracy assessment image classification [12] . In this study, GCPs were collected from Topographic map from the Ethiopian Mapping Agency (EMA) that was made from aerial photographs (dated 1984 with 1:50,000 scale) for the year 1985 and from GE for the years 1995, 2005 and 2015; they were used to acquire 250 points (i.e., half of each was used for training and validation). Collected points were imported to ArcGIS 10.3 and the Keyhole Mark-up Language (KML) data were converted to shape files, and they were then exported to ENVI as ENVI vector files. As a result, the vector layers were overlaid on the image of the study area to establish the training and validation polygons using the ROI tool. For the year 2015 image classification, 125 ground truth points from GPS and 125 GCPs from GE were used (half of each was used for image classification and validation).
The Root Mean Square Error (RMSE) of 0.41m was an accuracy indicator for plan-metric coordinates (x, y). Therefore, GE positional data extraction encourages and makes users in different disciplines to carry out various studies [13] . Table 2 shows the comparison of GPS observed and GE measured coordinates (GCP). Table 2 . Comparison of GPS observed data and GE measured coordinates (GCP)
Observed coordinates
For this study, LULC dynamics was analysed using different tools including Arc GIS 10.3 for the preparation of location of the study area and database generation, Python for the preparation of time series spatial data, ENVI 5.0 for atmospheric correction and classification, ERDAS Imagine 2014 for de-stripping and sub-setting Landsat images, and GE (KML files) and Topographic for generating random GCPs for image classification. Extraction of LULC information over the past 30 years was processed by the following standard image processing procedures, and it is summarized in Figure 5 . 
Thematic Extraction Algorithm
To extract thematic features, Maximum Likelihood Classification (MLC) is one of the most popular and suitable algorithms in supervised classification [14] . The MLC model is derived from Bayes theorem to calculate posterior probabilities distribution ( | ) in which the probability that a pixel with feature belongs to class [15] . It is expressed as follows:
Where ( ) is a prior information and ( | ) is the likelihood function (conditional probability) to observe from class which is known as probability density function (pdf). And, the probability that occurs in the study area and ( ) is the probability that is observed, and it is represented as: Where M is the number of classes and ( ) is assumed to be common to all classes, and it is often treated as a normalization constant to ensure ∑ ( | ) * ( ) = 1. Therefore, likelihood function depends on ( | ) or pdf. In the Maximum Likelihood Estimation (MLE), are viewed as vector quantities whose values are fixed but unknown. The best estimation of their values are defined to be the one of that maximizes the probability of obtaining the samples actually observed. is also a vector of independent identically distributed (iid) random variable. ( | ) as a function of with respect to the set of samples ( ) [16] is expressed as:
(3) By definition, the MLE of is the value ̂ that maximizes ( | ). If is a parameter for the variance and ̂ is the ML estimator, then √̂ is used for the standard deviation.
The Gaussian normal density distribution functions for reflectance values and can be used to calculate the mean vector and covariance matrix for each class using training data sets. Thus, ML classifier gives good results if the frequency distribution of the data is in the multivariate normal distribution [14, 16] . The multivariate Gaussian probability density function takes the following analytical expression:
Where refers the sample pixel vector, is in class i, n is the number of bands. Both m and ∑ are mean vector and covariance matrix parameters from the training samples in the multivariate Gaussian pdf, as defined:
is the transpose of ( − ) . Where property of the covariance matrix is symmetric (∑ = ∑ ); positive semi-definite and independent features can be set as:
Therefore, the MLE is based on the properties of large sample sizes because it is asymptotically unbiased, consistent and efficient [15] .
Atmospheric Correction and De-striping Landsat Images
The most advanced, Fast Line-of-sight Atmospheric Analysis of Spectral Hypercube (FLAASH) atmospheric correction was used. This atmospheric correction is a physics-based algorithm from the MODTRAN4 radiate transfer code. FLAASH is designed to eliminate atmospheric effects caused by molecular and particulate scattering to obtain reflectance at the surface, and it is responsible to correct wavelengths ( ) in the visible spectral region through near-and shortwave-infrared regions up to 3 µm. In order to improve data quality, this algorithm is believed to correct distortions within images other than those related to real land cover differences [17] . The correction technique is based on the standard equation of spectral radiance for each pixel, and it applies to the range of of solar radiation (thermal emission is negligible) [17, 18] , and its equation is:
Here, -and are the pixel and average surface reflectance for the pixel and a surrounding region respectively. Where S is the spherical albedo of the atmosphere from the ground, and is the radiance backscattered by the atmospheric coefficients ('a' and 'b') depending on atmospheric and geometric conditions but not on the surface. In Eqn. (7), the 1 st term-denotes radiation which is reflected from the surface and that travels directly into the sensor, while the 2 nd term-represents radiation from the surface that is scattered by the atmosphere into the sensor. In fact, S is generally very small so as to approximate the denominator to ignore the adjacency effect correction by setting = , which describes the upward diffuse transmittance and Eqn. (7) can be written as
Here, is the radiance image, and the convolution is performed with a fast Fourier transform method using a reduced resolution image for further time-saving. The correction was carried out with the FLAASH module in ENVI software, Version 5.0. This process transforms the data from spectral radiance to spectral reflectance to remove distortions. Finally, the different spectral bands of the image were assigned appropriate band names and , and they were stacked together.
Satellite images are not only affected by atmospheric interferences but also often affected by the common problems of stripe noises due to imperfect calibration of each detector. Some of the factors are drop-lines during scanning are the environmental disturbance and imperfect calibration of multisensor instruments. De-striping image pre-processing such as FLAASH is also important to remove the stripes thereby to improve the quality of data before image interpretation [19, 20] .
Accuracy Assessment Techniques
In MLC, accuracy assessment is determined by means of a confusion matrix: the relationship between reference data (ground truth) and the corresponding results of classification. So, the standard criteria were used to assess the accuracy of the classifications. The overall accuracy can be defined as:
Kappa coefficient (̂) is a statistical measure of accuracy that ranges between 0 and 1; it measures how much better the classification is as compared to randomly assigned class values to each pixel [21, 22] . A ̂ can be calculated as follows:
Where quantities represent such as -the number of observations in diagonal elements, -and -the total row i and column j respectively. And N-the total number of observations (reference pixels) and M-the number of rows in the error matrix.
Land Use Conversion Matrix
Land use conversion matrix is the conversion matrix that depicts the structural characteristics and the direction of changes. The conversion technique can be computed as:
where n and are the numbers of different land use types and the area converted from the i th land use type to the j th respectively. Meanwhile, the extent and rate of change in the land cover dynamics variables [8] are shown as:
• Total area of recent year LULC in hectare: Based on the classification technique, the six spectral classes were distinguished due to familiarity within the watershed can be seen in Table 3 below. Lands covered with temporary crops followed by harvest and a bare soil period and scattered rural settlements. The separation of scattered settlements are very difficult from the surrounding farm plots from the remotely sensed images; hence, they are lumped together.
Forest land (FL)
Areas covered with dense trees, both natural and planted with undergrowth forming closed canopies and without undergrowth plants close together.
Shrub land (SL) Areas covered with a mixture of shrubs, small trees with little useful wood and grasses.
Grassland (GL)
Grassy areas dominantly covered by grasses with a very small proportion of trees, shrubs, and degraded agricultural lands (eroded surfaces).
Riverine tree (RT)
The area covered by natural vegetation and planted trees along streams and wetlands in the watershed (including indigenous tree species and exotic trees such as eucalyptus and Juniper trees).
Towns
The area occupied by small towns.
To measure the performance of the MLC algorithm, the confusion matrix was employed as summarized in Table 4 . Figure 4 , illustrate a substantial change in the study area as shown below. Table 5 shows the areas in the hectare and percent, and Table 6 shows the change, extent and annual rate under the six LULC types during the four reference periods. The results of LULC distribution for the given periods revealed that agriculture was the dominant category. In the watershed, agriculture accounts for the largest land use followed by shrub land. The proportion and degree of the total area covered by agriculture accounted for 32729ha (62. On the top of Muga watershed, conversion of agriculture went largely into open grazing land, but this change was compensated from other LULCs, partially through forest and shrub land. The area could potentially be cultivated and was already under cultivation, so there was a scarcity of new land for expansion. According to key informants, this is caused by the increasing population density. In fact, population pressure is considered to be one of the major driving force for LULC dynamics in the northern part of Ethiopian highlands [6] . The declining productivity has contributed a lot to the expansion of cultivated land in an effort to compensate lost yields.
Shrub land was the second highest LULC type which was represented as 23.42, 22.12, 17.46 and 14.10% for the years 1985, 1995, 2005 and 2015 respectively. It was cleared out by 4893.6 ha in the years between 1985 and 2015. However, shrub land existed mainly on steep areas and hilly landscapes which were unsuitable for cultivation. Its large portion of the total coverage has been used for rural settlements (newly established villages). In addition to the increased demand for agricultural land, overgrazing and removal of shrubs for fuel wood, which can be expected from the increased human and livestock populations, were apparently the causes for changes in the area coverage of shrub land.
Forest land and grassland were also affected by the loss of their entire cover from 4.01% and 8.42% in 1985 to 1.17% and 5.49% in 2015 respectively. Considerable changes were observed in terms of emerging small towns and exotic riverine trees as they progressively increased from 13.95 and 946.17 ha in 1985 to 93.42 and 1075.2 ha in 2015 respectively. Particularly, the emerging small towns size and their position have significantly changed over the period studied. This is because there was some increase in the areas of the towns, apparently through both natural population increase and inmigration.
Conclusion
The study revealed that quantitative evaluation of LULC dynamics has a practical significance for resource conservation using RS and GIS. The finding of this study also indicates that there have been substantial changes in LULC in the Muga watershed. Generally speaking, the substantial reduction of shrub, forest, and grassland is observed, and there is a gradual but a steady expansion of agriculture, exotic riverine trees and emerging small towns. However, agriculture is expanding and average individual farm landholding size is declining due to rapid population growth. We, therefore, recommend that the importance of relevant and binding legal and policy instruments so as to regulate the land management practices on severely degrading land systems such as Mount Choke. To promote the well-being of Mount Choke, we recommend that enough incentive should be provided for people who voluntarily shift to other living places or tax incentives should be offered for those who care for their lands and the environment at large. It is advisable to support people to engage in supplementary off-farm economic activities. In addition, the intensification of the agricultural production through the provision of affordable agricultural input and rapid implementation of the land registration and certification process in the study area.
